Abstract The theoretical relationships between resilience and vulnerability have long been debated, but limited research has been done to test their relationships from an empirical perspective. This study presents an important case to demonstrate the empirical verification of the relationships. After reviewing relevant theories, we propose revisions of two widely adopted disaster risk and vulnerability formulas and apply them in a Taiwanese case of Typhoon Morakot. The data incorporate four natural hazard data sets, a Taiwan Social Change Survey of nonvictims as the reference group, and a longitudinal data set of Social Impact and Recovery Survey for Typhoon Morakot victims (2010Morakot victims ( -2012. With those data, two sets of models were constructed based on the two revised formulas. The first set of models estimates a disaster risk, defined as the probability and expected value of victimization determined by the typhoon hazard, household's exposure, and contextual vulnerability composed of social class, ethnicity, education, and family status. The second set of models estimates an affected household's outcome vulnerability, defined as the continuous trajectory of household living condition consisted of exposure, contextual vulnerability, and resilience. In the second set, outcome vulnerability is measured through household income pre-and post-disaster to depict the impact and dynamism; resilience is measured through social capital variables. Logit, ordinal linear regression (OLS), and fixed-effect regression were applied to statistically estimate the models. The results highlight that contextual vulnerability deteriorates the disaster risk of typhoon. Resilience has an impact on outcome vulnerability, but its effect is uncertain, likely to be restricted in the disaster recovery.
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Introduction
Resilience and vulnerability are two important concepts in climate change science and are both prevalent in the Sendai Framework for Disaster Risk Reduction and Paris Agreement following COP21 in 2015 (IPCC 2007 (IPCC , 2014 UNFCCC 2015) . Despite the wide application of the concepts, the theoretical relationships between the two are still debated (Füssel 2007; Gallopín 2006; Miller et al. 2010; Turner II 2010; Brand and Jax 2007; Manyena 2006) . The debates have resulted in three prominent types of relationship between resilience and vulnerability that include subordinate, antonym, and alien (Gallopín 2006; Joakim et al. 2015) . However, few studies have attempted to justify or prove these theorized relationships by conducting empirical studies from real world.
This study thus presents both theoretical ambition and empirical evidence aiming to clarify the debatable relationships between resilience and vulnerability by using the database of Typhoon Morakot, which struck Taiwan in 2009. We review recent theories concerning the meanings of and the relationships between vulnerability and resilience (Sect. 2) in different models and then revise two widely adopted disaster risk (IPCC 2012; UNDRO 1980; UNISDR 2004) and climate change vulnerability equations (McCarthy et al. 2001; Turner II et al. 2003) to be operated in the Taiwanese case (Sect. 3). A brief review of the Taiwanese case is provided with research design and model description. Four hazard data sets-rainfall, flood, debris flow, and landslide data-and two social data sets-the Taiwan Social Change Survey (TSCS; representing nonvictims) and three waves of the Social Impact and Recovery Survey of Typhoon Morakot (SIRS; representing victims) from 2010 to 2012-are integrated for analysis (Please refer to Table 1 and Sect. 4). Logit, ordinal linear regression (OLS) and fixed-effect models are adopted to estimate household fatalities and income recovery. The research results highlight (1) contextual vulnerability, along with hazard and exposure, is critical determinants in the victimization of typhoon risk, in which contextual vulnerability is clearly shaped by class inequality, lower education, ethnicity, and family status; (2) social capital as a key element of resilience might have an impact on household's income recovery as a measurement for outcome vulnerability, but its effect is more uncertain, likely to be surpassed by contextual vulnerability. This study further discusses the empirical meaning of the methodology and its limitations, and concludes with a reflection on the necessity to examine the concepts and their theorized relationships before their over-usage in the political and academic dialogues. 2 Vulnerability and resilience: key concepts revisit
Since the themes of vulnerability and adaptation have appeared in the IPCC Third Report (McCarthy et al. 2001) , the related conceptions and methodologies have gained wide attention in the climate change sciences and in disaster studies. However, despite the massive usage and application of these terms across natural, social science, and humanities disciplines in past decades, the definitions of and relationships among vulnerability, resilience, and some related concepts remain ambiguous (Füssel 2007; Gallopín 2006; Miller et al. 2010; Turner II 2010) . This conceptual ambiguity largely emerges from the multiplicity of the meanings associated with those concepts throughout their historical evolution (Adger 2006) . A case is the relationship between resilience and vulnerability; resilience is treated as a contributing variable, an antonym, or a totally alien concept from vulnerability. Another case is the varied definitions of vulnerability in different formulas such as the risk equation (IPCC 2012; UNDRO 1980) and the climate change vulnerability equation (Turner II et al. 2003) . The ambiguity might impose difficulties for operating the concepts in empirical studies. To empirically estimate those concepts, a concrete review of those terminologies is needed.
Two interpretations: contextual and outcome vulnerability
The present concept of vulnerability is deeply rooted in two discrepant research traditions: famine and disaster studies conducted in political economy and political ecology tradition (Blaikie et al. 1994; Bohle et al. 1994; Kasperson and Kasperson 2005) , and risk-hazard studies conducted in the positivist tradition (Adger 2006; Cutter et al. 2003; Füssel and Klein 2006; Gallopín 2006) . Each of the two traditions has its distinct discourses to explain different facets of vulnerability. In early 2000s, scholars used to view the two schools as reflecting ''social'' and ''physical'' aspects of vulnerability (Adger 2006) . Still, some were interested to integrate the two traditions into one module that can be used to holistically diagnose vulnerability distribution pattern over space and time. Some prevalent models include pressure and release model (Blaikie et al. 1994) , place-based model (Cutter et al. 2000 (Cutter et al. , 2008 , coupled human-environment system (CHES) model (Turner II et al. 2003) , and IPCC's climate change vulnerability model (IPCC 2012) . Among those vulnerability models, the climate change vulnerability model appeared in the IPCC's Third Report (McCarthy et al. 2001 ) is widely adopted. Vulnerability is neutrally defined as the extent to which a natural or social system is susceptible to sustaining damage from climate change. It is a function of exposure (the degree to which a system is exposed to climate hazard), sensitivity (the degree to which a system responds to a given change), and adaptive capacity (the degree to which adjustment can moderate or offset the potential damage). This definition is also echoed in the CHES model. However, in the IPCC's Fifth Report (IPCC 2014) , a disaster risk model refined from an original version of risk model in the United Nations Disaster Relief Organization document (UNDRO 1980) was proposed, in which vulnerability along with hazard and exposure was seen as contributing factors for disaster risk. Namely, disaster risk is a function of hazard, exposure, and vulnerability (IPCC 2012 (IPCC , 2014 . In this later model, vulnerability was vaguely defined as the propensity or predisposition to be adversely affected, encompassing a variety of concepts including sensitivity or susceptibility to harm and a lack of capacity to cope and adapt.
Some inconsistency thus exists in the varied interpretations of vulnerability. To further clarify the confusing nature of vulnerability in these models, IPCC (2014) emphasized the contrast between two different interpretations of vulnerability: contextual and outcome vulnerability, which have gained a growing attention in disaster studies in recent years (Hopkins 2015; Murphy et al. 2015; Okpara et al. 2016 ). Contextual vulnerability (or starting-point vulnerability) is defined as a preexisting characteristic of social and ecological systems generated by multiple factors and processes that would reinforce losses of the population under the influence of environmental changes or extreme events (Füssel 2007; IPCC 2014; O'Brien et al. 2007) . Scholars from social science and humanity might view contextual vulnerability as internal social vulnerability (Füssel 2009 ). For instance, to validate social vulnerability index in context of river floods in Germany, Fekete used 41 variables including age, gender, income, unemployment (class), rent subsidy, education, handicapped, and housing condition to measure social vulnerability (Fekete 2009 ). Nonetheless, a recent publication studying global vulnerability to river floods also adopted disaster risk model to measure vulnerability dynamism and demonstrated that vulnerability, vaguely defined as a result of socioeconomic development, is reducing worldwide . A wide array of studies have explicitly discussed the vulnerability variables and the indexing system (Birkmann 2006; Cutter et al. 2003; Frigerio and De Amicis 2016; IPCC 2012 IPCC , 2014 Lin et al. 2015) ; readers are referred to those studies for a comprehensive review.
On the other hand, outcome vulnerability (or end-point vulnerability) represents the scenario under a given damaging impact, in terms of environmental changes or extreme events. For example, the outcome vulnerability of agriculture in India is decomposed into three dimensions: climate change exposure, sensitivity, and adaptive capacity, where exposure is measured by downscaled general circulation model, sensitivity is measured by dryness and monsoon dependence, and adaptive capacity is measured by three aspects, that is, biophysical aspect (soil condition and water availability), socioeconomic aspect (percentage of workforce, adult literacy rate, and gender equity), and technical aspect (availability of irrigation and quality of infrastructure) (O'Brien et al. 2004) . Although it is difficult to apply the same measurements in different places and disasters, the assessment logics have been widely adopted in numerous alike studies to measure outcome vulnerability to some specific hazards as stressors (Eakin and Luers 2006; Frigerio and De Amicis 2016; Koks et al. 2015; Korup and Clague 2009; Lin and Polsky 2015; Luers et al. 2003) .
Conceptualization of resilience
''Vulnerability'' is a relatively negative term used to depict the degree of harm that a system suffers from a damaging event. Some researchers, including those of the IPCC, prefer to use relatively positive terms like ''resilience'' to explicate a system's ability to withstand or resist harm (Holling 1973 (Holling , 1986 . In the original definition, resilience was defined as a measure of the persistence (robustness) of ecological systems and their ability to withstand shocks while maintaining function. This descriptive definition was then extended to a prescriptive (or normative) notion, that is, the interplay of disturbance and adaptation, transformability, and learning in social and ecological systems. But some criticism occurred for the prescriptive notion because of its conceptual vagueness following the normative purpose of public policy and the difficulty to examine empirical robustness (Carpenter and Gunderson 2001; Klein et al. 2003; Folke 2006; Brand and Jax 2007; Kuhlicke 2013 ).
Scholars
have not yet established a consensus about how to measure resilience during a disaster. Adger (2000) drawing from a variety of literature offered suggestions such as resource dependency (e.g., market variability, remittance from emigrants or seasonal migration), legitimacy, social capital, equity (e.g., distribution of income), economic efficiency, livelihood stability (e.g., rates of formal sector employment), social stability (e.g., crime rate), displacement (e.g., rates of emigration or seasonal migration), and local knowledge. Buckle also discussed variables that can be used to assess resilience at the individual level, including information and advice, resources, personal and community support, management capacity and involvement, and variables that are relevant at the community level, such as voting rate (Aldrich 2012) , shared community values, established social infrastructure, partnerships, positive social and economic trends, and resources and skills (Buckle 2006) .
Among these variables, social capital is the concept that receives the most attention from empirical studies (Aldrich 2012) . Social capital refers to social networks, trust, and norms that can facilitate distributing various types of resources at the individual, household, or community levels, such as aid, financial assistance, information, human resources, and psychological support. Social capital is needed after a disaster has occurred (Aldrich and Meyer 2015; Elliott et al. 2010; Hurlbert et al. 2000; Kaniasty and Norris 1993; Lucini 2013; Pelling 1998) . Among all types of social network, bonding ties (i.e., family) are especially critical at the initial stages of recovery, whereas bridging ties (i.e., neighborhoods) are necessary for long-term recovery (Garrison and Sasser 2009; Haines et al. 1996; Hawkins and Maurer 2010; Hurlbert et al. 2000) . However, in contrast to the previous group of studies emphasizing the positive effect of social capital, some studies on social conflict suggest that the formation of social capital may have a ''double-edged sword'' impact, that is, social exclusion on resource distribution during or after a disaster (Adger 2000; Aldrich and Crook 2008) . In this study, we defined a household's social capital, a key component of its resilience, as the lineage and neighborhood network and resources accessed from the network before and after a disaster (Lin 2001 ).
The debatable relationship between resilience and vulnerability
Terms such as vulnerability and resilience are relevant in the biophysical as well as the social sciences but with different foci and diverse meanings (Adger 2006; Folke 2006; Smit and Wandel 2006) . This plurality of meanings reflects the needs of different scientific disciplines but may reduce the clarity of theories (Gallopín 2006) . Debate also exists about the relationships between resilience and vulnerability. At least three types of relationship have been mentioned: resilience as an antonym to vulnerability, resilience as a constituting factor for vulnerability, and resilience as a related but different concept from vulnerability.
The first perspective, probably the most widely accepted among scholars, views resilience and vulnerability as antonyms. The basic concept is that the more resilient a system, the less vulnerable it is (Adger 2000) . Some scholars may describe this as a continuum, with vulnerability and resilience on opposite ends (Joakim et al. 2015) . The second perspective views resilience as a constituting variable that determines the degree to which a system is vulnerable to certain stressors. The vulnerability equation in the IPCC and CHES models is an optimal example of this. In this epistemology, Berkes argues that resilience offers an all-hazard approach; resilience analysis considers uncertainties and dynamics and can contribute to a comprehensive vulnerability analysis (Berkes 2007) . Frequently, in the second perspective, resilience is closely connected to coping capacity and adaptive capacity. Some authors claim that resilience is the same as adaptive capacity (Smit and Wandel 2006) , whereas others define the robustness of a system to change through adaptive capacity (Gunderson 2000) . Still others argue that adaptive capacity is an element of resilience that manifests itself in the ability to reflect learning processes in the future (Carpenter and Gunderson 2001) . While the theoretical relationship between resilience and adaptive capacity is still a debate, this study focuses only on social capital as key element of resilience and leaves the debate for future discussion. On the basis of empirical findings (Béné et al. 2012; Gunderson 2010; Klein et al. 2003) , the third perspective describes a dialectic complexity between vulnerability and resilience in terms of the highly contested theorization of the two concepts in disciplines, where increased resilience can also lead to increased vulnerability, especially when the long-term development context is considered.
Revision of the vulnerability formulas
Having considered the competing definitions of vulnerability and resilience and their complex relationships, this study proposes using two widely applied equations, the disaster risk equation and the vulnerability equation, to examine these relationships empirically.
According to the United Nations International Strategy for Disaster Reduction Initiatives (UNISDR 2004) and the IPCC (2007, 2012, 2014) , disaster risk is defined as a function of hazard, exposure, and vulnerability [Eq. (1)], wherein vulnerability is defined as the propensity of exposed elements such as human beings or assets to suffer adverse effects. Whereas vulnerability equation appeared in the IPCC (McCarthy et al. 2001 ) and CHES (Turner II et al. 2003 ) models is a function of exposure, sensitivity, and adaptive capacity or resilience [Eq. (3)]. Apparently, the two equations define vulnerability discrepantly. To clarify the definitions, we argue that vulnerability in the disaster risk model is conceptually restricted to contextual (starting-point) vulnerability, whereas vulnerability in the IPCC equation broadly denotes the concept of outcome (end-point) vulnerability. Moreover, in the disaster risk equation, hazard depicts natural-or human-induced physical events and trends or their physical impacts. Exposure refers to the presence of systems or subsystems (e.g., people, livelihoods, ecosystems, and assets) in places that could be adversely affected by the events. On the contrary, the outcome vulnerability is measured upon the occurrence of the given damaging event so that exposure means ''the degree of exposure to the given event or hazard.'' Also, this reframing repositions sensitivity in the vulnerability equation as resembling contextual vulnerability, while some scholars might argue that contextual vulnerability displays theoretically a larger scope than sensitivity does (Gundersen et al. 2016; Murphy et al. 2015; Okpara et al. 2016) . From the original definition, sensitivity is defined as the degree to which a system or its part is affected, either adversely or beneficially, by environmental variability or change (IPCC 2014) . In essence, the contextual vulnerability and sensitivity share a theoretical similarity regarding how a system would be affected biophysically or socioeconomically. For an operationalization purpose, some studies use the term of context-sensitive vulnerability (Ludena and Yoon 2015) . We thus view sensitivity as similar to contextual vulnerability in theoretical construct, with different representations in different modules. In this way, the disaster risk model can be transformed into Eq. (2), and the IPCC vulnerability model can be transformed into Eq. (4). Clearly, the major difference between these two models is whether the component of resilience (or adaptive capacity) is considered.
Here, vulnerability is equivalent to contextual (starting-point) vulnerability. This equation can be transformed as:
Here, vulnerability refers to outcome (end-point) vulnerability; exposure is calculated as the degree of the exposure to a certain ''hazard.'' This equation can be transformed as:
We acknowledge the complex relationships between resilience and adaptive capacity. Here, we single out social capital as an element of resilience reducing outcome vulnerability rather than clarifying the relationships of resilience and adaptive capacity. Also, we assume that resilience can be observed and measured only in the outcome vulnerability following a disaster or under stress. According to Eq. (4), two types of functional relationships can be inferred between resilience and vulnerability: Contextual vulnerability is defined as the social factors different from those of resilience, and the two sets of social factors both shape outcome vulnerability after the occurrence of disaster. Moreover, the relationship between Eqs. (2) and (4) implies that outcome vulnerability can be applied to the next disaster risk if the hazards can be forecasted. We then propose using Eqs. (2) and (4) to test the effects of contextual vulnerability on the disaster risk and outcome vulnerability and the effect of resilience on the outcome vulnerability. In the next section, we apply the integrative data sets representing victims (SIRS) and nonvictims (TSCS) in the face of Typhoon Morakot-related hazards to sequentially test the hypothesis.
Data and method

The empirical case: Typhoon Morakot in Taiwan
Taiwan has been frequently evaluated by many international institutes to be one of the most vulnerable countries facing typhoon and the associated hydrogeological hazards (Dilley et al. 2005; NHRA 2015) . Based on the IPCC (2014) and the Taiwan Climate Change Projection and Information Platform Project reports (Hsu et al. 2011) , Taiwan is projected to have more extreme climate events in the future and is expected to have growing trend of extreme precipitation that would result in drought or intense rainfall, with compounding effects of floods and landslides.
Typhoon Morakot in 2009 was the most deadly typhoon in recent history. It struck central Taiwan on August 7-8, with tremendous rainfall (largest accumulated rainfall reached 3060 mm, and largest 24-hour rainfall reached 1623 mm) that induced great quantities of landslide and debris flow in the mountainous regions and flood on the plains, especially in the west central and southern parts of the island. Approximately 76,535 ha area was flooded; over 1690 landslides occurred and the amount of debris reached 1.2 billion cubic meters (MPDRC 2012) . The catastrophic damage included 677 dead and 22 missing, 499 of whom were from Xiaolin Village, Kaohsiung, that was entirely buried by an unexpected, large landslide. In total, 1626 houses were identified by government as severely damaged. And the total economic loss reached roughly US$6.7 billion (MPDRC 2012) . Most of these damages concentrated in six cities and counties including Kaohsiung; those cities and counties were examined as empirical case in the study. A week after the disaster, the Typhoon Morakot Post-Disaster Reconstruction Council (MPDRC) was formed by amalgamating task forces from central and local governments, nongovernmental organizations (NGOs), victim representatives, scholars, and entrepreneurs to collaboratively coordinate reconstruction policies and to allocate reconstruction funds. The Special Statute for Typhoon Morakot Post-Disaster Reconstruction was passed on August 28, 2009, that regulated the procedures for post-disaster reconstruction and recovery. According to the Statute, most of the victims who lost their homes or whose houses were badly hit were arranged to resettle at the collective resettlement sites in safer locations of the same cities/counties. Housing and infrastructure at the resettlement sites were constructed by the joint work of NGOs, practitioners, and MPDRC. The resettlement policy included a number of livelihood rebuilding programs that offered victims contract jobs at the MPDRC or nearby schools, factories, or farms. MPDRC also operated other industrial and agricultural subsidy programs. Totally, MPDRC (2014) operated for 5 years until August 8, 2014, and the spent budget approximated US$5.5 billion.
Research design and data
The unit of empirical analysis in this study is household's disaster risk and outcome vulnerability. To investigate the disaster risk prior to the occurrence of Typhoon Morakot, we transformed Eq. (2) into the following empirical probability function of victimization:
Disaster risk of a family under Typhoon Morakot ¼ p i H; E; V; Á Á Á ð Þ ð 5Þ
Here H, E, V present the function of hazards (H), exposure (E), and contextual vulnerability (V) for the household group i. In a simplified two-group model, for example, the odds ratio (OR) of empirical probability between victim group p 1 and nonvictim group p 2 can be presented as:
Therefore, IPCC's risk Eq. (2) can be viewed as a special case of Eq. (6), where a=b=c=1 and the functions H, E, and V are deterministic without considering uncertainty and omitted variables in the reality. When calculating the odds ratio of the households suffered from the typhoon, Eq. (6) can be transferred into natural logarithmic form:
To estimate the logit model in reality, we developed a semi-experimental research design by mixing two sets of social survey samples that separately represent victims and nonvictims from the six hardest-hit cities/counties. For the operational purpose, we defined contextual vulnerability as a household's socioeconomic propensity, composed of household's head's social class, ethnicity, education, and marriage status, which can increase or decrease the risk of human and economic losses caused by a typhoon. A logit regression model was used to estimate the coefficients of the variables related to the probability of suffering from hazard associated with the typhoon. In addition, the linear regressions were used to estimate the expected value of human losses and economic losses as indicators of the typhoon risk, measured by death and hurt familial members and monetary damage of the victims, based on the nonvictims as the reference group.
Then in phase 2, we used victim's longitudinal survey data (SIRS) to trace their outcome vulnerability (Eq. 4). In contrast to the disaster risk as a probability or an expected value of human and economic losses, we defined outcome vulnerability as a continuous trajectory of household living condition before and after a disaster and used logged annual household income to measure pre-and post-disaster condition. The empirical function of outcome vulnerability can be presented as:
Outcome vulnerability of suffered family ¼ I t HE t ; V t ; R t ; Á Á Á ð Þ ð 8Þ
Here I is the function of logged household income, t is the year after the disaster impact, HE t ; V t ; R t are the functions of hazard exposure, contextual vulnerability, and resilience, respectively, which shape the household income of the year t. Accordingly, the outcome vulnerability of I from the year 0 at the moment of disaster to the year t after the disaster can be calculated as:
In order to sequentially track the changes, a fixed-effect model of suffered families was applied to estimate the linear regression coefficient of the variables related to contextual vulnerability and resilience from 2009 to 2012. In our case, the functions H 0 andH t are equal because the hazard variables are fixed effects and dropped from the regression models. The data sources, sample sizes, and model structures in the two phases differed accordingly.
In total, six data sets were used for analysis. Four of them exhibited hazard data, and the rest entailed social survey data. The hazard data comprised (1) accumulated precipitation collected from the Central Weather Bureau for August 5-10, 2009, (2) streams with possible debris flows (according to the number of times alarms sounded during Typhoon Morakot) collected from the Soil and Water Conservation Bureau, (3) landslide area acquired from the Central Geological Survey, and (4) flood depth during Typhoon Morakot, collected from National Science and Technology Center for Disaster Reduction (NCDR) and Water Resource Agency. These hazard data sets were used to create hazard variables as controlled variables.
The social data are comprised of two social surveys. The first social data set was consisted of three waves of Social Impact and Recovery Survey (SIRS) for Typhoon Morakot that were conducted in the following 1, 2, and 3 years after the typhoon (NCDR 2012) . This data set was used to represent the conditions of the victims from the six most affected cities and counties. The NCDR planned and led these three waves of surveys, whereas the Directorate General of Budget in Taiwan conducted the interviews. Of the total affected households, the surveyed population represented those (n = 1754) who were registered in the official system and were qualified to be subsidized including resettled. The response rates of the three waves were 94.5, 91.3, and 87.9%. However in order to ensure the information continuity for longitudinal analysis, only 1195 individuals, mostly household heads presenting the households, who continuously accepted the interviews were selected for analysis.
The second social data set was derived from Phase 5 and Wave 5 of the Taiwan Social Change Survey (TSCS) (TSCS 2010), which was conducted in 2009 to represent the general population of Taiwan older than 18 years old. The TSCS is a national representative survey initiated by the Taiwan National Science Council starting 1985 and was annually conducted by the Academia Sinica for monitoring social changes. This survey is also part of the International Social Survey Programme, which aims to establish consistent data system for international comparison. This data set was purposively used to represent the general Taiwanese profile as nonvictim (reference group) to compare with the SIRS victim data (experimental group). In addition, among all surveyed individuals across Taiwan island, only those from the six cities and counties were selected (n = 652) in order to maintain the sample's consistency and avoid possibly enlarging bias from across the island. In the TSCS survey, the Social Inequality module was specifically applied for analyzing contextual vulnerability.
We then pooled the two social data sets (n = 652 from the TSCS random sample, and n = 1195 from the SIRS) to form a new data set with an experimental group (victims) and a reference group (nonvictims). Furthermore, since we cannot access the detailed family addresses due to ethic regulations of social surveys in Taiwan. The hazard variables present the average (accumulated precipitation and flood depth) or aggregate values (streams and landslide areas) at the township level. The method implies that households in the same township are assigned with the same hazard values, which is another limitation of the study. The descriptive statistics of the pooled data and the correlation matrices of the major variables are listed in Tables 1, A .1, and A.2 (supplementary file). Table 1. very low, less than half of the nonvictim, throughout the years. Second, the trajectories of the two curves differ simultaneously. Embedding in the global economy, the Taiwanese macroeconomy experienced downturns in 2009 and 2011, in which general population also presented similar decline in the 2 years and recovered the next year. However, the victim's curve shows totally different pattern that declined in the year after Typhoon Morakot and substantially increased in 2011 before another slight decrease in 2012. The observed income increase can be partially explained due to public subsidies and the programs that MPDRC has initiated to help victims reconstructing their livelihoods and industry. But overall, the income gap between the two groups increased. The victim's average income dropped from 48.8% in 2009 to 40.6% in 2012, compare with that of the nonvictim's from the TSCS sample. While the above analysis shows that victim group had obvious income differences with the nonvictim group from the same cities and counties, it is necessary to investigate what social process would contribute to the differentiation. As mentioned earlier in Sect. 2.1, contextual vulnerability is an important concept to analyze the propensity of the population to be adversely affected by the hazard. We thus used the concept to estimate the driving determinants. For measuring contextual vulnerability, occupation, education, family status, gender and ethnicity are among the most widely adopted variables. To measure occupation that reflects social class, we applied a neo-Weberian class schema (Erikson and Goldthorpe 1992) , one of the most prevalent socioeconomic indexes, to categorize occupations into six classes: control (e.g., managers, officials, and school teachers), clerk, manual worker, farmer, unemployed, and nonworkforce. Table 2 shows that generally the socioeconomic index of the TSCS sample is higher than that of the SIRS. The victims have obviously fewer members in the control and clerk classes and more members in the farmer and unemployed classes, whereas the nonvictims have the lowest proportions in these two categories and higher proportions of control, clerk, and manual worker classes. This comparison illustrates that the Morakot victims were likely to be constituted by the families from lower social class. We further included the years of schooling reported by the interviewees to identify the educational degree as an alternative socioeconomic index. Ethnicity (i.e., ethnic minority status) is another factor that is widely considered in the vulnerability literature (Cutter et al. 2003; Turner and Clifton 2009; Veland et al. 2013) . In Taiwan, indigenous people constitute approximately 2% of the total population. However, the indigenous people tend to suffer from higher exposure to typhoon-induced geomorphological hazards because most of them reside in the rural and mountainous regions. In the case of Typhoon Morakot, 72.5% of all victims were indigenous people (MPDRC 2012) . We thus used a dummy variable to characterize the population.
Contextual vulnerability and resilience variables
Family status can influence a family's ability responding to hazard in several ways. We thus used marital status of the families to further identity married and other types of (i.e., never married, divorced, and widowed) families. The married families generally have higher socioeconomic resources than the others. In addition to this, gender is another key factor in the vulnerability literature. However, since the SIRS interviewees were mostly presented by household heads, who are mainly the ''breadwinners'' and mostly male in Taiwan, we decided not to put this variable in the analysis in order to avoid gender bias in the sample.
In addition to contextual vulnerability, some factors were selected to represent resilience, meaning the social capital and other types of resources that a family can motivate to enhance coping and adaptive capacity. Those variables include: (1) self-reported number of weekly meetings with neighbors before and after the disaster as a measurement of social networks; (2) aid from kinfolk and friends as a measurement of resources mobilized from social networks; and (3) aid from institutions, the government, NGOs, and the MPDRC, as a measurement of social capital (the SIRS combines these sources into one variable, preventing us from separating government and NGO assistance into two income sources). These three variables were steadily tracked in the three waves of the SIRS. Notably, like contextual vulnerability, social capital can be measured at different levels, i.e., voting rate can reflect community-level social capital (Aldrich 2012) . The measurement of the study is based on the household level.
Dependent variables and modeling
In the first set of models (phase 1), the driving determinants of disaster risk for Typhoon Morakot was estimated through Eq. (2). The hazard dimension has four variables including streams with debris flows, accumulated precipitation, flood, and landslide area; exposure has one variable measuring family size before the typhoon, and contextual vulnerability is measured by social class, education, ethnicity, and family status. The pooled data of victims and nonvictims were used to estimate the following four dependent variables: loss of home (homeless; Model 1), familial mortality rate (Model 2), familial injury rate (Model 3), and logarithmic economic loss (Model 4). Notably, families at the same township were assigned with same value for the natural hazard indexes due to data limitation. For estimating the likelihood of homelessness (Model 1), the dependent variable was a dummy variable, victim = 1 and nonvictim = 0, and a logit regression model was applied to calculate the coefficients, which were transferred back as the changing odds ratios shaped by the determinants. We used ordinal linear regression (OLS) to calculate the familial mortality rate (number of deaths/total family members before Morakot 9 100), familial injury rate (number of injured persons/total family members before Morakot 9 100), and the logarithmic economic losses (TWD). Generally, the familial mortality rate, familial injury rate, and the logarithmic economic losses were all zero for the nonvictims, but the variations among victims still significantly affected the statistical results of the OLS models.
In the second set of models (phase 2), the effect of resilience on outcome vulnerability was examined through Eq. 4. Here, resilience was denoted as social capital and the resources accessed through it. For measuring outcome vulnerability, we used household income pre-and post-disaster to estimate the realized outcome vulnerability. One might argue the multiplicity of the household income that can be used to estimate different concepts in various models. Here, taken that outcome vulnerability aims to measure net impacts or losses in terms of a given disaster, we thus proposed to use income pre-and post-disaster as a valid variable to reflect the net hurts of the enduring effect of the typhoon event. Also, this operationalization fits into the resilience theory that interests on the trajectory change in the face of disturbance. A fixed-effect regression model was used to estimate the changes of the victim's logarithmic annual household income before and after Morakot between 2009 and 2012. To estimate the changes in household income, the OLS model was used for 2009 (Model 5), and the fixed-effect model for 2009-2012 (Model 6). Our fixed-effect model focused on measuring the effect of the independent variables on the changing values of the dependent variables in the years after the typhoon. Thus, the more invariability of the independent variables, such as ethnicity or education, the less significance that they are likely to influence the dependent variables.
Results
Estimating the determinants of disaster risk for Typhoon Morakot
The estimation of the determinants of disaster risk for Typhoon Morakot is displayed in Table 3 . The logit regression results for homeless (Model 1) showed that the three hazard variables (i.e., accumulated precipitation, flood depth, and landslide area) all significantly contributed to increasing the probability of becoming homeless. Exposure measured by family size before the disaster also increased the probability of victimization, meaning that more family members are likely to increase exposure to hazards. In addition, the contextual vulnerability variables were shown to play a crucial role in the probability of victimization. People in the unemployment and farmer classes were more likely to become homeless, compared with those in the nonworkforce, control, and manual worker classes. Similarly, the indigenous people had a considerably higher likelihood of becoming homeless. By contrast, higher education and married status reduced the probability of becoming homeless. The pseudo R-square of the model fitness was 0.76 (excellent for a logit model).
The OLS results for the familial mortality rate (Model 2) resemble those of Model 1, with moderate differences. First, regarding the hazard dimension, although streams with debris flow, accumulated precipitation, and landslide area were all significant to the mortality rate, flood depth reduced its likelihood. Second, the class and indigenous variables were mostly nonsignificant in Model 2. The results for the familial injury rate (Model 3) showed that accumulated precipitation and landslide area tended to increase the injury rate. Families with heads of household in the unemployment, control, and manual worker classes also had higher injury rates. However, those with household heads in the farmer class were nonsignificant. The results for logged economic loss (Model 4) revealed that the four hazard variables were all significant in the model but that the contextual vulnerability variables, except for education and marital status, were nonsignificant to economic loss.
Regarding the hazard dimension, landslide area was the most significant variable for explaining disaster risk in the four models, followed by accumulated precipitation and streams with debris flows. Flood depth presented anomalies that showed negative coefficients for the hazard risks of mortality rate, injury rate, and economic loss. This can be partially explained through geographical location and the characteristic of flood hazard. Unlike landslides and debris flows, which often occur instantaneously and unexpectedly on slopes, floods generally develop at a relatively slower pace on plains and can be monitored through techniques that greatly assist people in avoiding severe mortality and injury. Family size that was used to measure exposure was generally significant in the models; large family size could result in higher disaster risk. Finally, regarding contextual vulnerability, family status and education were the most significant variables in the four models. The indigenous variable only affected homelessness. The social class variables showed that families with household heads in the unemployed class were the most vulnerable, followed by the farmer, control, and manual worker classes. Model 5 showed that family size, contextual vulnerability, and resilience were all critical determinants influencing household income prior to the occurrence of Typhoon Morakot. For contextual vulnerability, the social class of the household head was particularly crucial, with household income levels from high to low being exhibited by the control, clerk, manual worker, farmer, nonworkforce (set as reference class in the case), and unemployed classes. Having a higher education level could positively increase household income; indigenous and unmarried or single families exhibited lower household income. For the resilience variable, the social network measured through number of weekly meetings with neighbors was also found significant to positively influence income level before disaster.
Estimating the effect of resilience on outcome vulnerability in the recovery
In contrast to Model 5, Model 6 revealed very different characteristics that shaped outcome vulnerability in the recovery phase. Family size remained a significant variable, given that a higher number of surviving and new family members can help the family to maintain their income or to look for more opportunity to raise their living after a disaster. The class of the household head also affected household income. However, except for these two factors, the effect of resilience variables and contextual vulnerability variables such as education, ethnicity, and marriage status all disappears in this phase. There are some possible explanations on the methodological and empirical grounds. First, in a fixedeffect model, steady variables such as education, ethnicity, or marital status, which would not vary much over 4 years, tend to have little effect on the dependent variable. The continuity of social networks might pose the same methodological problem. However, even aid from kinfolk and friends or institutions would not substantially affect household income in the disaster recovery phase. Second, while the effects of other variables are very limited, we suspect that the severity of the disaster might disproportionately impose extra stresses on the class inequality as a result to exaggerate its effect and suppress other effects from other contextual vulnerability and resilience factors.
In order to further clarify class mobility, a mobility table analysis before and after the disaster was made (Hout 1983) . It is found that control class grew almost twofold, from 8.9% in 2009 to 16.2% in 2012 (Table 2 ). Clerk and manual worker classes remained relatively stable. The farmer class, which was the dominant class of household heads in 2009, decreased from 25.1 to 11.9%. The unemployed class became new dominant class in 2012, occupying 30% of all surveyed victims. This changing hierarchy of the class For upward flow, control class was the major receiver that received the highest proportion of flows from other classes, especially those from farmer class (27%), followed by manual worker class. Besides, except some nonflow at the same classes, especially the unemployed (61.98%), a substantial portion of the victims were found moved downward. Unemployed was the major receiver at the stage, occupying 21.67% from manual worker, 26.67% from farmer, 32.63% from nonworkforce, and 14.15% from control class. There thus existed an obvious social stratifying where upward flow was made possible partly, if not entirely, attributed to the intervention of the MPDRC's resettlement and livelihood reconstruction policy that put people in the managerial or contract worker positions in nearby factories and schools or on farms to save their living. However, the very high percentage of unemployed and downward flow also indicated that the majority of the victims have kept suffering from losing livelihoods or degrading living standard. The coefficient difference between Model 5 and 6 shows that until 2011 families at all classes were facing declined household income compared with 2009, especially for the control, manual worker, and unemployed classes. 6 Discussion and conclusions
Among the many theory-driven debates about the relationships between vulnerability and resilience, this study provides an important case to empirically evidence those arguable relationships, based on the two revised disaster risk and climate change vulnerability equations. From literature review, we redefined sensitivity as equivalent to contextual vulnerability that exhibits the inherent and social fragility of the population. In addition, we defined contextual vulnerability as the social factors different from those of resilience, and the two sets of social factors both shape outcome vulnerability after the occurrence of disaster. The disaster risk equation was adopted to examine the relevance of contextual vulnerability in the typhoon disaster risk (Models 1-4); the outcome vulnerability equation was used to justify the relationships between resilience and contextual vulnerability in the disaster recovery (Models 5-6).
The empirical results highlight the following observations. Firstly, regarding the disaster risk of typhoon and associated hazards, the victim group was found socioeconomically distinct from the nonvictim group. Their contextual vulnerability was shaped by lower social class, lower education, indigenous population, and single or unmarried family status that can heighten disaster risk through a certain of social processes. In spite of hazard and exposure dimensions, contextual vulnerability was proven to be a critical determinant influencing the probability of victimization. Secondly, social capital as a key factor of resilience was found significant to enhance household income before the occurrence of a disaster. But its effect on income recovery as a form to evaluate outcome vulnerability in the post-disaster phase was found very restricted. The weak existence of the resilience effect does not necessarily mean that the institutional resources from governmental subsidies or social networks did not function at all levels. Because vibrant class flow was observable for some cases, and some families did regain their livelihoods from those resources. But the effect on income recovery was not evident.
Whereas the effect of resilience on outcome vulnerability was very limited in the Taiwanese case, we further argued that the magnitude of the catastrophe is likely to form an unprecedented stress on the society, that in turn may reinforce the preexisting structure of social inequality, and restrain the effects of resilience. In other words, the social capital's effect in practices is likely to be short, temporary, and mission-oriented. As a result, unless the elements (i.e., social capital) of resilience can have an impact on the social inequality that governs contextual vulnerability, its influence on outcome vulnerability would be limited. And with the accumulation of the reinforced social inequality upon the recurrence of disastrous event, contextual vulnerability is likely to be deepened, resulting in the deterioration of outcome vulnerability and disaster risk.
It shall be noticed that some inherent methodological limitations might restrict or bias our analysis. First, the variables used to measure resilience were restricted to meeting with neighbors, aid from kinfolk/friends, and aid from institutions due to limited data availability. The resilience theorists might argue the narrowness of the estimate and contend broader and more complicated social processes where social capital and resilience could grow across all levels. Here, we recall the high uncertainty for measuring resilience and agree that using different resilience variables at different levels, such as using voting rate to represent community-level social capital (Aldrich 2012) , might obtain different results for estimating resilience. Second, using household income as a dependent variable to measure outcome vulnerability might present a methodological imperfection. Recovery may be measured through population growth. The change of household income is another relevant variable in the literature. While others might argue to use during disaster data for measuring resilience and outcome vulnerability. For example, using rescue, evacuation or hospitalization as resilience variable to measure its effect on mortality as outcome vulnerability. But those resilience data are not accessible in this study. All of those aspects can be covered in future studies.
Most specifically, this study presents an important progression demonstrating the possibility to empirically verify those competing concepts in the theorized models . The empirical perspective is a milestone to enhance our understanding about the strength and limit of vulnerability and resilience in the political and academic conversations.
